This study utilizes a 30-year (1980-2009) 10 m wind field dataset obtained from the European Center for Medium Range Weather Forecast to investigate the wind energy potential in the East China Sea (ECS) by using Weibull shape and scale parameters. The region generally showed good wind characteristics. The calculated annual mean of the wind power resource revealed the potential of the region for large-scale grid-connected wind turbine applications. Furthermore, the spatiotemporal variations showed strong trends in wind power in regions surrounding Taiwan Island. These regions were evaluated with high wind potential and were rated as excellent locations for installation of large wind turbines for electrical energy generation. Nonsignificant and negative trends dominated the ECS and the rest of the regions; therefore, these locations were found to be suitable for small wind applications. The wind power density exhibited an insignificant trend in the ECS throughout the study period. The trend was strongest during spring and weakest during autumn.
Introduction
Offshore wind power refers to the construction of wind farms in large bodies of water to generate electricity. These installations can utilize frequent and powerful available wind. In addition, offshore wind power elicits less aesthetic effect on the landscape than on land-based projects. Offshore wind energy utilizes wind power through turbines located in coastal and ocean waters to produce electricity, which is transmitted by cables to the mainland grid. As a sustainable and clean source of renewable energy, wind power exhibits significant potential to improve Massachusetts efforts in diversifying energy sources and reducing greenhouse gas reduction. Offshore wind is more productive than onshore (or land-based) wind because the former exhibits higher and more consistent wind speeds over the ocean. However, construction and operation of offshore wind farms, where groups of turbines are located together, remain challenging. Optimization of the technology to regional site conditions leads to development in the local supply chain and decline in operating costs; thus, wind power is predicted to become an important source of electricity for many states in the Northeast and Mid-Atlantic.
Offshore wind can generate large amounts of energy from few turbines because of its high wind resource capacity. Offshore wind is also suitable for large-scale development near major demand centers and does not require long transmission lines. Although offshore wind is the most popular in the wind sector, this energy source represents only 3% of the global installed capacity. In 2015, 3,398 MW of new offshore capacity was added, which brings the total capacity to 12,107 MW.
Previous studies on the onshore wind and offshore gas industry confirmed the success of offshore wind power technology [1, 2] . As a result, offshore wind power of nearly 40 GW (from 3 GW reported in 2010) will be established in Europe until 2020 [3] .
Several methods can be used to evaluate wind resources at a specific site; these methods include interview of people with local knowledge to identify regions with high and/or low wind speed, measurements only, measurement-correlation-prediction method, use of global databases, wind atlas 2 Journal of Renewable Energy methodology, site data-based modeling, and mesoscale and microscale modeling [4, 5] . Offshore wind power mapping has improved using remote sensing data [6] . Europe is a global leader in the wind industry, and the pioneer offshore wind farm was mounted in Denmark in 1991 [7] .
Wind energy in good onshore locations is utilized for economic profit and competes with other power-generating sources. Offshore wind power exhibits higher wind speed than onshore wind speed [8] . Based on the European Wind Energy Association [9] , the annual addition in the installed capacity of offshore global wind power exhibits a rising trend yearly from 2001 to 2010, resulting in rapid increase in the cumulative wind power installed capacity. A previous study used both in situ and satellite data and both theoretical and practical methods for assessment of wind turbine performance to determine the offshore wind power potential of the southern coast of Brazil [10] . This study also used bathymetry and analyzed the characteristics of the current wind-electric technology to construct the maps of wind speed, wind power density, and practical turbine output in megawatts. The results indicated that the most favorable conditions are along the coast between 281
∘ and 331 ∘ S in the shallow water of South Brazil; the estimated average electrical production in one coastal region (102 GW) is equivalent to the electricity demand of the whole country. Moreover, another study used the meteorological data of the National Buoy Data Center to estimate the hourly power output from offshore wind turbine at the sites of the buoys; the experiment was conducted on the electric power generation of colocated offshore wind turbines and wave energy converters along the California coast [11] . The results showed that the variations in the offshore wind farm capacity factor ranged from 30% to 50%. Reference [12] used a 2-year mean wind speed at 10 m to evaluate the offshore wind power potential of Zakynthos and Pylos in the Ionian Sea. The researchers reported annual average wind speeds of 5.7 and 5.8 m/s at these locations. Reference [13] used wind speed data over 10 buoy stations in the Aegean and Ionian Seas to preliminary assess and calculate the magnitude of wind power density at 50 m above the water level. Mykonos was categorized as an excellent windy location of class 7 winds with wind power density of 971 W/m 2 . Petrokaravo and Kalamata with wind power densities of 368 and 206 W/m 2 were rated as fair and marginal locations with wind power classes of 3 and 2, respectively. The rest of the locations were classified as good and outstanding. SeaWind I (30 km horizontal resolution for 60 years) and SeaWind II (15 km horizontal resolution for 20 years) were also used to characterize offshore wind fields and evaluate the wind energy potential in the Mediterranean Sea [14] . This study reported interesting local characteristics, such as regions of more than 350 W/m 2 of raw wind power at a height of 10 m, coastal regions with less than 6000 hours of wind speed between 2.5 and 25 m/s, and Mediterranean offshore regions with a 50-year return period and wind speed higher than 25 m/s. Moreover, wind energy potential in the coastal environment of the Black and Caspian seas was investigated using 10-year 10 m wind speed data from the US National Centers for Environmental Prediction [15] . The western side of the Black Sea has high wind power potential particularly around the Crimean peninsula, whereas the northeastern sector has high energy potential in the Caspian Sea. Reference [16] evaluated offshore wind resources in the Korean Peninsula by using the long-term QuikSCAT data. Furthermore, [17, 18] developed a high precision numerical wind map for the coastal regions of the Korean Peninsula to systematically investigate the potential of offshore wind power.
Wind energy generation in the ECS relies solely on wind resource availability that varies with location. A thorough assessment of wind energy potential in the ECS must be conducted before building a wind farm. A detailed assessment in promising locations should be subsequently performed [19] . Limited studies assessed wind energy potential in the ECS. The current study aims to estimate the wind energy potential of the ECS by using a 30-year, 6-hour, 10 m wind speed of ECMWF computed by the WAVEWATCH III (WW3) model. Results were compared with similar previous studies performed in other oceanic regions such as the offshore locations of Mediterranean Sea, Aegean with Ionian Seas, and Black with Caspian Seas. Spatiotemporal variations in wind power density found in the ECS were also investigated.
The paper is organized as follows. Section 2 provides information on the model, the wind field data, and the thorough validation of ECMWF wind speed with wind speed obtained from buoys by using statistical tests.
Section 3 presents the methods used in wind energy assessment and a detailed discussion on the obtained results. Finally, the conclusions of this study are provided in Section 4.
Model Configurations
The recent WAVEWATCH III version 4.18 was used in this study. New parameters related to the source terms were included in this official version. The parameters for spectral dissipation of wind-generated waves, wave breaking, swell dissipation, and many properties were significantly improved. The water depth field with a resolution of 0.1 ∘ × 0.1 ∘ was processed by the Gridgen 3.0 packet according to the ETOPO 1 data of National Geophysical Data Center. Source terms for energy spectra in the model were set to default. The model integrated the spectrum to a cut-off frequency, and a parametric tail was applied above this frequency. The other option settings were 36 directions and 24 discrete wavenumbers (0.0412-0.4060 Hz, 2.4-24.7 s). Based on the ERAInterim reanalysis wind field datasets, the model output is a two-dimensional (2D) wave energy spectrum obtained at each grid point from 1 January 1980 to 31 December 2009 at a 6-hour interval. The model includes 10 m wind speed and ocean wave parameters, such as significant wave height, wave direction, and peak wave period. Reanalysis is a combination of the model information and observation of different kinds to produce a consistent and reliable global estimate of various atmospheric, wave, and oceanographic parameters. ERAInterim utilized the altimeter wave height observations to constrain the wave spectrum predicted by the WAM wave model. However, some physics and numerical differences were observed between the WW3 and WAM models.
Journal of Renewable Energy Figure 1 . The calculating time is from 1980-01-01 00.00 to 2009-12-31 18.00, with a calculation time step of 360, 180, 180, and 60 s, and a 6-hour output data. Figure 2 shows the comparisons of wind speed acquired from observations from eight China buoy stations and from computation with the model over the buoy coordinates. The result shows a good agreement between the buoy and ECMWF wind speeds on the curve trends.
Data Validation.
The accuracy of the wind speed computed by the model was evaluated through a conventional statistical analysis with the following equation [20] : where represents the buoy data, represents the model data, and are the mean values of buoy and model data, and is the total number of observations. As shown in Table 1 , the computed and observed wind speed values were highly correlated with larger than 0.8 for eight cases and significant at 99% level. The calculated negative biases, which ranged from −0.483 m/s to −0.105 m/s and with low taking value, revealed that the model data are slightly higher than the buoy data. The errors of model data, which ranged between 1.406 and 1.928 m/s, remained low when analyzed by RMSE.
In summary, the ECMWF wind can be used to analyze the wind energy potential of the ECS.
Analysis Methods

Computation of Wind Energy.
For a long time, statistical models such Rayleigh, Weibull, log-normal, and normal were used in wind data analysis [22] . Among the statistical models, the two-parameter Weibull probability distribution function is generally acceptable for wind data assessment because of its compatibility with experimental data [23] . The model is an overall gamma function that computes the wind power density and describes the wind speed frequency distribution [24] . Therefore, this study employed the two-parameter Weibull distribution function to compute wind power density.
The Weibull probability density function is expressed in [24] as
The corresponding cumulative density function is expressed in [24] as
where and are the shape and scale parameters, respectively; V is the wind speed; (dimensionless) represents the variation in the average wind speed in a given sample; and (m/s) indicates the wind potential at a location that is computed using approaches, such as standard deviation method [25] , power density method [26] , maximum likelihood method [27] , and graphical method [28] . High value of " " represents stable wind speed. A larger value of " " indicates more spread of wind power [29] . Therefore, this study adopted standard deviation method, which is expressed in [25, 30] 
where V is the average wind speed (m/s) and is the standard deviation that shows the extent of deviation of the wind speed. Γ( ) is the gamma function expressed in [31] as
Wind power density is expressed in [32] as
where is the wind power density in w/m 2 , (V) is the wind power in watts, is the swept area of the wind turbine rotor in w/m 2 , and is the air density that is assumed as 1.225 kg/m 3 . The coefficient of variation (cov) indicates the mutability of wind speed and is the ratio between mean standard deviation and mean wind speed. cov is defined in percent and can be expressed in [33] as cov (%) = × 100.
In this study, wind speed data for 1980-2009 were statistically analyzed. The monthly and seasonal variations in the Weibull parameters, wind power density, mean wind speed, standard deviation, and cov were obtained. Furthermore, the spatial distribution of wind power density and its trends were analyzed.
Result and Discussion.
This section discusses the monthly and seasonal characteristics of the 10 m wind speed and wind power density in the ECS. The variation in Weibull parameters and spatiotemporal trends of wind power were analyzed and discussed. Some findings from this paper were compared with those from previous studies.
Monthly Wind Pattern.
The monthly mean values of the Weibull parameters, wind power density, wind speed, standard deviation, and coefficient of variation are listed in Table 2 .
The shape parameter " " varies between 2.09 in August and 3.36 in December, which reveals that the wind speed data are most stable in December and least stable in August. Therefore, December is suitable for the production of uninterrupted and stable wind power. The scale parameter " " The annual mean wind speed and wind power density were 6.51 m/s and 300.45 w/m 2 , respectively. For the wind power classification proposed by [21] of Pacific Northwest Laboratory (Table 3) , the annual mean power density for Journal of Renewable Energy The percentage frequency distribution of wind speed in the ECS is illustrated in Figure 6 . The wind speed within the range of 4-8 m/s has the highest frequency of 46.45%. The other wind speeds categories of 0-4 m/s and 8-12 m/s, respectively, have frequencies that differ by 1.31% while the wind speed in the range of 12-16 m/s has a low frequency of 4.88%.
Seasonal Wind Pattern.
The months in each season in China can be classified as follows: (1) winter is December to February; (2) spring is March to May; (3) summer is June to August; and (4) autumn is September to November. The seasonal mean values of the Weibull parameters, wind power density, wind speed, standard deviation, and coefficient of variation are listed in Table 4 . The maximum and minimum values of the standard deviation were observed during autumn (3.15) and spring (2.64). The largest cov was observed during summer (52.79%) and the lowest was detected during winter (38.05%). The shape factor ( ) ranged between 2.08 during summer and 2.96 during winter. The scale factor ( ) ranged between 6.31 m/s during summer and 8.76 m/s during winter. The seasonal variation in the wind speed and wind power reveals that the maximum wind speed (7.82 m/s) occurred in winter, whereas the minimum (5.6 m/s) occurred during summer. In addition, the maximum wind power density (437.54 w/ m 2 ) was observed during winter, whereas the minimum (203.95 w/m 2 ) occurred during spring. These results are shown in Figures 7 and 8 . Figures 9 and 10 show the dimensionless parameters used to further understand the characteristics of wind in ECS. These parameters are the ratios of monthly/seasonal mean wind speed and wind power density to the annual values of mean wind speed and wind power density. Figure 9 shows that the peaks of the monthly-annual ratios of wind speed and wind power density occurred during December with values of 1.27 and 1.68, respectively. The minimum ratios of monthly to annual values of wind speed and wind power density occurred in May with values of 0.79 and 0.49, respectively. Figure 10 also shows that the peaks of seasonal-annual ratio of wind speed and wind power density were observed during winter with values of 1.16 and 1.33, respectively. The minimum ratio of the seasonal-annual values of wind speed occurred during summer with a value of 0.83, and that of wind power density was observed during spring with a value of 0.62. 
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Spatial Distribution of Wind Power
Density. This section describes the regional distribution of wind power density and the locations with high potential for wind power applications in the ECS. for grid-connected electricity production but might have sufficient wind for small wind turbines. The seasonal mean variation in the wind power in the SCS is shown in Figure 11 
Spatial Trends in Wind Power
Density. This section describes the regional variation of linear trends in wind power and identifies the locations with strong positive trends in the ECS.
The annual mean spatial trends in wind power are shown in Figure 12 Decreasing trends of less than −1.5 w/m 2 yr −1 were found in Taipei, Taiwan Strait, and some northeastern islands such as Kyushu and Shikoku.
As shown in Figure 12(b) , the long-term trend in wind power exhibited great seasonal differences. The area extent of the significant wind power increase was the largest during winter, reduced during spring and summer, and the smallest during autumn.
Insignificant 
Temporal Trends in Wind Power
Density. This section describes the overall long-term trends in the annual and seasonal average wind power analyzed using linear regression method with reliability test result of 95%.
The annual mean wind power was obtained by computing the regional average wind power from 00:00 UTC on January 1, 1976, to 18:00 UTC on December 31, 2005. Thirty regional and yearly average values of the ECS wind power were obtained using the same method to analyze the overall long-term trend for 1976-2005 (Figure 13(a) ). The overall seasonal variation in the ECS wind power was also analyzed (Figure 13(b) ). Figure 13 2 yr −1 was observed during autumn. The increase in the ECS wind power was strongest during spring, followed by winter, summer, and autumn. Table 5 presents a 5-year trend in wind power density for the whole year and for the seasons. The corresponding graphical plots are shown in Figure 14 . Within the study period, an increasing trend in wind power ( 
Comparison of Wind Energy Potentials in the ECS with Some Other Previous Studies.
The results of this study were compared with the offshore wind speed and wind power characteristics for 10 locations in the Aegean and Ionian Seas using the 3-hour buoy data between 3.1 and 11 years from each location [13] . The annual mean wind power density analyzed at a hub height of 50 m at Lesvos (693 W/m 2 ) classified and rated the location as wind class 6 and as an outstanding site for wind energy generation. In terms of wind power class, the wind energy potential at Lesvos is similar to that of ECS (300.45 W/m 2 ) as both stand at class 6 and are rated as excellent sites suitable for the exploitation of wind energy even at different hub heights. A comparison in terms of the annual mean coefficient of variation of 10 m wind speed between the 10 locations and ECS showed that location E1M3A in the Aegean Sea exhibited an annual mean coefficient of variation (51.8%) that is similar to that of ECS (44.93%) compared with the rest of the locations. Locations such as E1M3A, Mykonos, Petrokarovo, Santorini, and Skyros in the Aegean Sea and Zakynthos and Kalamata in the Ionian Sea exhibited nearly the same trend with ECS in the monthly variation of wind speed. Peak values in wind speed were observed in winter (1980-1984, 1984-1988, 1988-1992, 1992-1996, 1996- Total time comparison was conducted between the wind energy potential of the most promising locations, such as Taipei and Taiwan Strait, in the ECS and the Crimean peninsula with Kazakhstan, which are regions of high wind energy in the northwestern part of Black Sea and northeastern part of Caspian Sea [15] . Similar characteristics were observed in the monthly evaluation of both wind speed and wind power in Crimean peninsula and Kazakhstan with those of ECS as a whole. The highest values occurred in October to March, whereas the least values were observed in May. For both the ECS and the Crimean peninsula with Kazakhstan, an overall average of the total and winter time wind characteristics showed that higher values of wind speed and wind power density were generally observed during winter.
Conclusion
This study used a 30-year, 6-hour, high-resolution reanalysis of the wind field dataset to assess the spatiotemporal variation of the wind power potential using Weibull shape and scale parameters of the ECS. The major findings in this work are as follows:
(1) The region generally showed good wind characteristics. This finding is indicated by the high values for the monthly and annual mean wind speeds and power densities for the period of study.
(2) The calculated annual mean wind power resource (300.45 w/m 2 ) reveals the excellent potential of the region for large-scale grid-connected wind turbine applications. (5) The wind power is generally stronger in the southwestern part of the ECS. Strongest wind power density was observed around Taiwan Strait, Taipei, Bashi Channel, and adjacent waters, which rates these locations as excellent for installation of large wind turbines for electrical energy generation.
(6) Increasing positive trends in wind power density were distributed in the regions surrounding Taiwan
